Recently, more attention has been directed towards improving and optimising maintenance in manufacturing systems using simulation. This paper aims to report the state of the art in simulation-based optimisation of maintenance by systematically classifying the published literature and outlining main trends in modelling and optimising maintenance systems. The authors investigate application areas and published real case studies as well as researched maintenance strategies and policies. Much of the research in this area is focusing on Preventive Maintenance and optimising Preventive Maintenance frequency that will lead to the minimum cost. Discrete Event Simulation was the most reported technique to model maintenance systems whereas modern optimisation methods such as Genetic Algorithms was the most reported optimisation method in the literature. On this basis, the paper identifies the current gaps and discusses future prospects. Further research can be done to develop a framework that guides the experimenting process with different maintenance strategies and policies. More real case studies can be conducted on multi-objective optimisation and Condition Based Maintenance especially in a production context.
Introduction
Maintenance aims to combat the inevitable degradation of assets over their operational lifetime and keep them in a working order. Therefore, maintenance plays an important role in sustaining and improving assets availability, which in turn affects the productivity of the system in interest.
Recently, more attention has been directed towards improving and optimising maintenance in manufacturing systems. Maintenance cost can reach anywhere between 15% and 70% of production costs [1] . Wang [2] observes that there is still a large potential for increasing the productivity in current maintenance practices. In some industries, a slight improvement in throughput could result in significant economic impact [3] .
Simulation delivers an advantage over analytical approaches because many maintenance policies are not analytically traceable [4] . In addition, it allows experimenting and better understanding of complex systems [5] .
The complexity of maintenance systems has increased significantly [4; 6] . This is partly due to modern manufacturing systems which involve numerous interactions and dependencies between components. It is evident that analytical and mathematical approaches are limited in solving such complex maintenance problems. By developing both analytical and simulation models to solve the same problem, Rezg et al. [7] found that it resulted in a complex analytical model with unrealistic assumptions compared to the simulation model which provided more flexibility and simpler estimations. Several studies have indicated the preference of simulation to optimise maintenance problems over analytical and mathematical approaches [8] [9] [10] [11] .
Although research on maintenance optimisation was established decades ago [12] , the area of simulation-based optimisation in maintenance is becoming an emerging trend [13; 14] .
Simulation has been traditionally used as a tool to understand and experiment with a system. However, connecting the simulation model to an optimisation engine ensures better and faster results. As illustrated in Figure 1 -1, simulation based optimisation is an approach whereby an optimisation engine provides the decision variables for the simulation program.
The simulation program will run the model and provide the results of the optimisation objective function. This process will continue iteratively between the simulation program and the optimisation engine until it results in a satisfactory solution or a termination due to prescribed conditions [15] . A considerable amount of literature has been published on maintenance simulation and optimisation. Dekker [12] provided a comprehensive view and analysis of maintenance optimisation models and applications. It is interesting to note that in his work, simulation has not been mentioned and the emphasis was on mathematical models only. More recently, Sharma et al. [13] observed that there is a potential as well as a growing interest amongst researchers to utilise simulation in optimising maintenance systems. The advancement in technology has enabled researches to use powerful computers and software with decreasing costs. Vasili et al. [16] review highlighted that it is becoming increasingly difficult to rely on static solution techniques to optimise maintenance systems and ignore the dynamic and stochastic nature of current business environments.
On the other hand, Andijani and Duffuaa [17] evaluated simulation studies in maintenance systems in terms of adherence to sound modelling principles such as program verification and validation. Alabdulkarim et al. [18] reviewed the applications of simulation in maintenance systems and categorised it according to the purpose of the study. Their research confirms that research on maintenance simulation is steadily rising. Additionally, they observed that research on the combined use of simulation and optimisation is limited.
Thus, this study provides an exciting opportunity to advance our knowledge on the state of art in the combined use of simulation and optimisation in maintenance systems. It is complementary to the earlier work of Alrabghi and Tiwari [19] which provided a summary description of the available literature on the same subject.
Review Methodology
This research aims to identify and summarise available literature on simulation-based optimisation of maintenance operations. Thus the scope is focused on research that includes simulating maintenance systems and connecting the simulation model to an optimisation engine.
Research that focus on improving maintainability and reliability at the design stage is disregarded. There have been attempts to simulate maintenance operations through static system models, usually using Monte-Carlo simulation [1; 9] . As time is a significant variable in maintenance operations, only attempts to model it through dynamic system models are within the scope of this research.
The research methodology of this review is similar to that of Alrabghi and Tiwari [19] .
However, the search in this review is more comprehensive as it covers abstracts and keywords in addition to titles. Moreover, search in conference papers was limited to the last ten years only to capture recent work that is yet to be published in peer-reviewed journal papers.
A systematic research was conducted by searching for the following keywords in article titles, abstracts and keywords: (maintain* and optim* and simulat*) and (maintenance and optim* and simulat*). Scopus and Web of Science citation databases, two of the largest abstract and citation databases of peer-reviewed literature, were searched to identify the targeted papers. The Scopus search resulted in 15,001 documents in English whereas the Web of Science search resulted in 9,132 documents in English. An overview of the review methodology is shown in the figure below: The resulting documents were filtered in a systematic methodology as follows:
 Excluding irrelevant subject areas such as medicine, social sciences and arts and humanities. The main relevant subject areas are engineering, mathematics, decision sciences and business management.
 Reviewing the titles and abstracts. This includes reading titles and abstracts and excluding papers that do not include simulation optimisation in maintenance.
 Skimming the whole paper to find out the application area as well as optimisation methods and simulation techniques. This was usually obtained by reading the methodology section of the paper.
A further comprehensive reading was conducted through the full documents which yielded 59 articles after removing duplications [3; 7; 8; 11; 20-74] . In order to classify the published literature and outline main trends in modelling and optimising maintenance systems, each paper was analysed to identify relevant features such as application area, maintenance strategies and policies, simulation modelling techniques and software, optimisation methods and software, optimisation objectives and decision variables. An abstract version of the analysis for all papers is shown in Appendix A.
Overview of Reviewed Papers
All the papers were published in the year 2000 or after with the exception of one journal paper published in 1982 [74] . Figure 3-1 shows an increasing trend in publications although it may not be statistically significant. These results match those observed in earlier studies, which found that the use of simulation in maintenance is increasing [13; 14; 18] . The resulting literature comprises of 47 journal articles (80%) and 12 conference papers (20%). The United States appears to be leading in this research field followed by France as illustrated in Figure 3 -2. They both account for about two-fifth of the literature whereas ten countries account for the second two-fifths. Publications by country Rezg, N.
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Authors
Most cited authors Allaoui and Artiba [11] Integrating simulation and optimization to schedule a hybrid flow shop with maintenance constraints 88
Sarker and Haque [72] Optimization of maintenance and spare provisioning policy using simulation 62
Richard Cassady et al. [73] Combining preventive maintenance and statistical process control: a preliminary investigation 55
Rezg et al. [67] Joint optimization of preventive maintenance and inventory control in a production line using simulation 47 Gharbi and Kenne [64] Maintenance scheduling and production control of multiplemachine manufacturing systems 46
Yao et al. [3] Optimal preventive maintenance scheduling in semiconductor manufacturing 46 Yang et al. [54] Maintenance scheduling in manufacturing systems based on predicted machine degradation 40 Ng et al. [44] Optimal long-term infrastructure maintenance planning accounting 37 Computers and Industrial Engineering number of published papers on military hardware might be due to the potentially sensitive nature of these systems. Johansson and Jagstam [36] suggested an approach to provide decision support for maintenance planning intended for military equipment while Gupta and Lawsirirat [8] analysed the strategic optimal maintenance actions for a general multicomponent system whose health is monitored in real time. Both studies reported the shift towards product service system as the main motivation for their research. El Hayek et al. [63] demonstrated the effectiveness of simulation based optimisation for planning maintenance operations for an aircraft gas-turbine. It is observed that there are several differences between maintenance in a production context and maintenance in a product service system context. In the former issues such as bottle necks, buffer size and parts waiting in progress have an impact on maintenance planning. In contrast, logistics and transportation are main issues in product service systems.
As observed by Goti et al. [56] and Horenbeek et al. [75] , little research is directed towards optimising a system composed of several equipment and most of the research focused on optimising single equipment without considering the production configuration. Indeed, systems compromising of a single machine producing a single product [48] or two exactly identical machines [42; 46] are oversimplified and do not reflect the complexity and interactions in real manufacturing systems.
Maintenance strategies and policies
Maintenance strategies can generally be categorised into Corrective Maintenance (CM), Preventive Maintenance (PM) and Condition Based Maintenance (CBM). As illustrated in Figure 3 -5, CM occurs when the asset breaks down resulting in unexpected shutdown and high maintenance cost. PM is scheduled in order to minimise the impact of a sudden breakdown. PM usually consumes fewer resources compared to CM and can be accommodated in the production plans. In fact PM can be as simple as cleaning filters, lubricating and changing oil preventing a failure of a critical a component that is costly and takes time to be delivered. Because the operation schedules and environment change dynamically in the real world, PM can take place unnecessarily. To ensure PM occurs only when needed, CBM was introduced. This can be either in a form of regular inspections to evaluate the assets' wear or in the form of sensors streaming data to diagnostic software.
Therefore maintenance tasks can be triggered only when the wear reaches a certain level. It is worth mentioning that CBM is sometimes included under the branch of PM [76] . where components will be replaced if it fails whereas all other components in the system will be replaced at predetermined interval and combined block replacements where all components will be replaced at predetermined intervals but if a component fails, it will be replaced as well as all components in an operation state [51] . Based Maintenance [32] . CBM is becoming increasingly popular especially in Product Service Systems or long-term services agreement where sensors are installed on products to monitor degradation [8] . Periodic inspections are an alternative to sensors but its frequency has to be optimized as it will consume resources and affect performance [70] . Horenbeek and Pintelon [29] investigated prognostic maintenance which is essentially CBM combined with the ability to predict the deterioration of components in the system to see if it is expected to reach the threshold before the next scheduled inspection; If it does then it is replaced immediately. Although the applications of CBM are increasing in the industry [77] , it is evident that it is poorly covered in the literature.
Opportunistic maintenance is a policy relevant particularly in situations where down-time is very costly and a shut-down can be exploited to perform other maintenance actions. Murino et al. [46] examined opportunistic maintenance in a continuous production system where stopping one machine could mean bringing the whole production system to a halt. Shenfield et al. [39] 
Maintenance types in the literature
In reviewing the literature, only limited effort was found to be directed towards comparing different maintenance strategies and policies. Xiang et al. [32] and Yang et al. [54] studied a repairable system where preventive maintenance and condition-based maintenance policies were investigated. The focus of Allaoui and Artiba [11] research was on evaluating the effect of various priority rules and heuristics on maintenance scheduling. Horenbeek and Pintelon [29] compared the effect of five different maintenance strategies on one machine, namely CM, block based PM, age based PM, inspection based CBM and CBM with continuous monitoring.
However, on the whole the research is limited in terms of covering main maintenance decisions such as comparing and selecting the optimum maintenance policies in multicomponent systems and determining the optimum maintenance resources. In particular, investigating the implications of implementing new CBM strategies in manufacturing systems compared with traditional PM policies. In addition, there is a potential of evaluating heuristics against priority rules set by various optimisation algorithms.
Simulating and Modelling Maintenance Systems
Modelling maintenance systems
It is interesting to observe that the scope of the maintenance models varied significantly in the literature. The main themes are presented in Figure 4 -1. For instance, Gupta and Lawsirirat [8] modelled only the assets deterioration, Sarker and Haque [72] added maintenance resources such as spare parts management and Arab et al. [22] added production dynamics such as buffer capacity. The decision of including an element should depend on the level of effect it has on the desired simulation output [78] . Although maintenance resources such as technicians, spare parts and equipment have a direct effect on maintenance cost and scheduling [6; 79; 80] , only few researchers incorporated them in the simulation model. In fact, the assumption of readily available maintenance resources is fairly common [7; 11; 22; 27; 51] . Three main levels of modelling assets details are observed in the literature. The majority of researchers modelled assets as a whole unit. Therefore, the deterioration, failure and interaction on a subsystem or a component level is not modelled in the simulation. On the other hand, some researchers modelled machines as subsystems. Oyarbide-Zubillaga et al.
[52] modelled assets as subsystems based on types of maintenance activities such as electric/electronic and hydraulic subsystems. Zhou et al. [31] optimised maintenance for sub-systems connected in series considering the economic dependency, where carrying maintenance tasks in groups cost less or more than carrying it individually. Horenbeek et al. [29] modelled only one subsystem in several machines considering economic, structural and stochastic dependencies. In a more detailed modelling of assets, Roux et al. [51] evaluated three maintenance policies for a system comprising of two independent components. Sarker and Haque [72] optimised maintenance and spare part provisioning policy for 13 identical and independent components. Gupta and Lawsirirat [8] highlight the fact that meaning of the term 'component' differs depending on the context. It is not possible to model a complex system comprising of thousands parts for practical constraints. Therefore it is proposed to consider the components that have significant impact on the asset performance. Tools such as Failure Modes and Effects Analysis (FMEA) that utilise historical maintenance data can be used to identify the most critical components.
Modelling identical units while assuming there are no dependencies between them is one of the assumptions researchers consider to simplify the maintenance system. Other relaxing Perhaps the most significant aspect is the modelling of machine aging process. Some researchers simplified it by designing only two states for the machine, either working or broken [56] . Additionally, the machine is regarded as good as new after undertaking maintenance tasks. On the other hand, El Hayek et al. [63] considered an improvement factor that incorporates imperfect maintenance. Therefore the machine status after maintenance tasks will not be regarded as good as new, rather it lies somewhere between a broken machine and a new machine depending on the random improvement factor.
Furthermore, the duration between preventive maintenance tasks is reduced as the machine ages. To schedule PM, Ramírez-Hernandez et al. [37] modelled a PM window constituting of warning date which is the earliest time a PM can be conducted, due date which is the suggested date for PM and late date which is the latest time to conduct PM.
Accurate modelling of machine degradation process becomes essential for examining condition-based maintenance where an inspection is conducted periodically to decide which maintenance tasks should be executed [77] . Alternatively, sensors could provide indicators on machines' health such as vibration magnitude and temperature in real time [32] . When indicators' reading exceed a specific threshold, a maintenance task is triggered. Guizzi et al.
[45] simulated condition based maintenance via discrete event simulation. In their study, the limitation of discrete event simulation is overcome by triggering special events that increase the machine wear at predetermined intervals.
Simulation techniques
Discrete event simulation (DES) dominates the literature as it was used alone or combined with other modelling techniques by around two thirds of researchers (see Figure 4 -2). This
should not come as a surprise since it is the most popular technique in modelling manufacturing systems including production planning, maintenance and inventory management [81] . DES is the modelling of a system in which variables' state change at specific points in time. Thus, the system is modelled by arranging these changes (called events) in a chronological order and the system is updated whenever an event occurs.
However, between events, the system remains unchanged and time is advanced to the next scheduled event [82] . 
Optimising Maintenance Systems
Optimisation methods
The results obtained from the analysis of optimisation methods in the literature are shown in On the other hand, classical optimisation methods [83] that are analytical and utilise differential calculus to find the optimal point such as scatter search [61] , Nelder-Mead method [27; 51] , cyclic coordinate method [32] , the modified powell method [69] , Fibonacci algorithms [20] and simple local search [8; 24] were applied to simple manufacturing systems. One criticism of much of the literature on optimizing maintenance by classical methods is the lack of analysis of the objective function and the solution space. Therefore the justification and proper selection of the optimisation method is sometimes absent.
As the complexity of maintenance systems increased [4; 14] , modern optimisation methods were utilised as they are more capable of dealing with complex problems [83; 84] . Most of these methods are based on selected behaviours found in nature and sometimes referred to as non-traditional methods. As shown above in Figure 5 It can be seen that by far the most reported modern optimisation method is GA. It is based on the process of natural selection in biology and it has been applied successfully to a wide variety of practical optimisation problems [83] . In addition, it is well suited for complex simulation based optimisation where there is no prior knowledge of the response surface typology [85; 86] .
SA comes from the concept of the annealing process in metallurgy to harden metals. Metals are melted in high temperature at the start and then cooled gradually in a controlled environment to obtain desired attributes. It can be used to solve various types of problems including continuous, discrete and mixed-integer [83] .
Guuizzi et al. [45] and Murino et al. [46] approach has a significant advantage. In their study they utilised OptQuest, a specialised optimisation tool that allows the utilisation of multiple optimisation algorithms including tabu search, scatter search, integer programming, and neural networks. On the other hand, Ali et al. [55] utilised different optimisation algorithms [25] compared SA with Hill Climb and Random Solutions. They found that SA achieved better results although its computation time was relatively high.
Problem formulation for optimisation
An optimisation problem can be described by three main elements: design variables, constraints and objective functions. Each will be discussed in details in the following sections,
Optimisation objectives
Minimising cost was reported as an objective in more than 70% of the studies (see Figure 5 -4). Machines and equipment can be over-maintained which increases preventive maintenance cost or under-maintained, increasing failure rate and its consequences. Usually reactive maintenance is fixed at a higher cost than preventive maintenance and the objective is to minimise the total maintenance cost [8; 32; 51] . Arab et al. [22] correctly argues that maintenance is a part of the manufacturing system and considering maintenance cost alone is not sufficient. To counter that, some researchers developed an objective function that encompasses the total system cost. This might include a penalty for Instead of maintenance cost, Roux et al. [27] identified maximising machines availability as the optimisation objective. They argue that it is more appropriate as production costs are much higher than maintenance costs. Such explanation tends to overlook the fact that maintenance costs are significant [3] and can be higher than production costs [1] . Similarly, Boulet et al. [42] maximised availability and maintenance costs were considered manually for each case after the optimisation results.
However, maximum machine availability does not necessarily lead to maximum production throughput in manufacturing settings, which is an optimisation objective in several recent studies [22; 37; 40; 55] . A machine can be available but not in working state due to many reasons such as shortage of raw material or blockages as a result of bottle necks. Therefore it is suggested to consider the manufacturing system as a whole and maximise the production throughput.
In addition to minimising costs, maximising availability and maximising production throughput, other optimisation objectives were identified in the literature. OyarbideZubillaga et al. [52] considered a more holistic approach where the total cost and profit of the system is evaluated. The costs of maintenance tasks as well as defective products contribute to the cost function whereas the profit is calculated by the number of nondefective items produced. The variation in selecting the optimisation objectives might be due to the nature and purpose of the study. [35] formulated the optimisation objective purely on production measures namely to minimise both machine cycle time and wait in progress. The purpose of study could have been to support a quality initiative without a particular interest in cutting maintenance resources in the factory. On the contrary, Hani et al. [50] examined a train maintenance facility where the focus was on minimising the parts immobilization time as well as minimising occupation rates for maintenance workshops. Nevertheless, limited discussion of the optimisation objectives choice was apparent in the literature.
Similar to the situation in many engineering problems [87] , maintenance systems might require optimising several objectives simultaneously such as minimising maintenance costs and maximising assets availability. It is observed that researchers used one of the following approaches to solve that:
 Including multiple objectives in one objective function. For example, calculating machine downtime as costs [25; 70] or including a penalty for not meeting demand in the cost function [66; 67] . However, a challenge with this approach is transforming an objective in another objective's unit. For example, estimating how much unavailability of certain equipment would cost or estimating how costly it is to fail to meet the demand. Moreover, these costs are likely to change depending on the market dynamics [29] .
 Developing a desirability function where optimisation objectives are assigned weights according to its importance to the decision maker to reach the best compromise [42; 43; 62; 69] . This approach does not require transforming an objective in another objective's unit. Nevertheless, it forces the decision maker to trade-off between objectives by assigning weights and ultimately producing a single result.
 Utilising multi-objective optimisation algorithms that have the ability to solve multiple objectives simultaneously. For instance, Non-dominated Sorting Genetic
Algorithm was implemented to minimise costs and maximise profits [52; 56; 57] . It is interesting to note that only a limited number of researchers utilised multi-objective optimisation as shown in Figure 5 -5. 
Decision variables
Five decision variables were identified as the most reported in the literature as illustrated in Figure 5 -6. Determining how frequent should assets be maintained to achieve the best possible solution is a continuing concern within the field. It is the most obvious option in cases where PM is modelled in the system as it can be controlled and its effect on cost and availability is widely accepted. In addition, some researchers optimised maintenance queuing and priority rules for different assets [47; 50] . For example, if more than one machine breaks down or requires preventive maintenance at any given time, which one should be maintained first. It could be that machines in a bottleneck should have a higher priority to enhance the total throughput.
It is another significant variable that received little attention. This may be due to the fact that maintenance resources were not considered in the simulation model so resource usage is not a constraint. However, it is evident that assigning different priorities to machines when maintenance resources are occupied have a direct effect on maintenance performance [35; 40] .
Spare parts management is an important component in the maintenance system and has a considerable impact on cost and availability. Several studies showed that optimizing maintenance and spare parts policies jointly led to better results compared to optimizing them separately [72; 80; 88] . Absence of spare parts when assets are broken extends unavailability. Whereas keeping a large inventory of spare parts results in higher costs.
Several attempts have been made to investigate the effect of production parameters on maintenance systems in manufacturing settings. The work of several authors [7; 40; 89] show that buffer size have an impact on the performance of maintenance operations. The availability of buffer between machines allows maintenance resources to be stretched on a longer time with lesser effect on production rates. On the other hand, quality initiatives such as lean, six sigma and Just In Time requires the minimisation of Wait-In-Progress.
Researchers have not treated maintenance resources in much detail. Only few included maintenance technicians [24; 25; 38; 59] or maintenance equipment [36] as decision variables.
Constraints
Constraints are placed on values a decision variable can take [52] or the decision variable value in relation to other variables in the system such as having the maximum stock level of a spare part should be always larger than the reorder point [61] . Alternatively, constraints can be placed at other variables such as the maximum budget that can be spent [44] , minimum reliability level [26] or PM window where PM actions have to be taken for each machine [22] . However, it is common to not explicitly define constraints, see for example: [45; 50; 68] 
Discussion
Simulation based optimisation has the potential to solve the increasingly complex and dynamic nature of maintenance problems and there is an increasing trend of using simulation to optimise maintenance systems. The current study found that only few real life case studies were published, the academic cases that dominate the literature such as a single machine producing a single product are oversimplified and do not reflect the complexity and interactions in real systems. Moreover, little research is directed towards optimising a system composed of several equipment and most of the research focused on optimising few equipments without considering the operation configuration.
A range of simulation based optimisation applications in maintenance systems across various industries were covered. However, few researchers examined maintenance operations in product service systems such as aircraft gas-turbine and military equipment.
Very little was found in the literature on comparing and selecting the optimum maintenance strategy. The majority of researchers investigated variations of PM including time-based PM and age-based PM. However, investigating condition based maintenance as a strategy in a production context is poorly covered in the literature.
In general, data availability does not seem to be a challenge for researchers modelling CM and PM systems. Operational data such as cycle times and arrival patterns for raw material can be obtained from the field records. Likewise, historical maintenance data such as breakdown patterns and repair times are commonly available. Cost of maintenance actions are usually simplified by using the company's standards or using calculating the hour rate based on salaries data.
However, obtaining data on the dependency between components appears to be a challenge. For example, estimating the effect of the failure of one component on the degradation of connected components. Gupta and Lawsirirat [8] suggested a dependency factor that is estimated using Failure Mode and Effect Analysis (FMEA), operational data and experts and vendors judgements. In addition, a challenge appears when attempting to model the machine degradation in CBM systems. CBM systems based on visual inspection can be simplified by assuming several fixed states for the asset where the transition from a state to another is based on probabilities obtained from the historical records [70] . On the other hand, CBM systems based on on-line sensors data are modelled by fitting the data into a curve and assuming it correctly reflects the change in asset's health over time [29] .
Uncertainty is an inherited feature of maintenance systems. Assets' degradation depends on many factors leading to unexpected breakdowns. Human errors during inspection or maintenance can add significantly to this uncertainty. Fitting the data into statistical distributions and then sampling randomly from is a common practise used to account for this uncertainty. Special uncertainty parameters that account for human error in visual inspection can be introduced. For example, the longer the crack is on a pipe the more likely that it will be detected correctly [90] . Hennequin et al. [48] integrated fuzzy logic in the simulation to model imperfect maintenance actions according to the different skills levels of maintenance technicians.
Sensitivity analysis is used to test the robustness of optimisation results in the presence of uncertainty. It helps in evaluating the optimal solution and make the required modifications especially in areas were estimations or simplifications have been made. For example, investigating how variations in assets' thresholds levels affect the expected cost of the optimal solution [8] . Because it is difficult to obtain accurate cost data especially for conducting maintenance and inspection activities, it has been subjected to sensitivity analysis in several publications [60; 70; 91; 92] . In addition, sensitivity analysis was used to test the robustness of a suggested model by varying inputs and investigating if the results are in line with the expected outcome [42] .
A vast majority of researchers used discrete event simulation to model maintenance operations. Modelling maintenance resources received little attention and the majority of researchers assumed it was readily available. On the other hand, modern optimisation methods such as GA and SA were the most reported optimisation methods in the literature.
Limited research was conducted to compare the performance of multiple optimisation algorithms. One criticism of much of the literature on optimizing maintenance using classical methods is the lack of analysis of the objective function and the solution space. Therefore the justification and proper selection of the optimisation method is sometimes absent.
Minimising cost was reported as an optimisation objective in around three quarters of the literature. Moreover, limited discussion of the optimisation objectives choice was apparent in the literature. It is observed that researchers used three approaches to solve several objectives simultaneously: including multiple objectives in one objective function, developing a desirability function and utilising multi-objective optimisation algorithms. The latter received little attention despite its ability to solve multiple objectives simultaneously and provide the decision maker with flexibility in the maintenance dynamic environment. Complex maintenance problems often introduce a risk of high computation expenses.
Running the simulation repeatedly during optimisation requires a considerable computation time. This can be mitigated by reducing the solution space through investigating the effect of parameters on the objective function before engaging the optimisation engine [67; 71] .
Therefore leading to either eliminating some variables or reducing its ranges. High computational facilities and parallel computing can significantly reduce the computation time. Shenfield et al. [39] demonstrated the use of Grid Computing to solve a computationally intensive maintenance problem during which several clusters of computation facilities were utilised. An obvious alternative would be simplifying the problem in hand by reducing the number of variables [60] .
The findings outlined in this research provide directions for future work. There seems to be a need for a detailed analysis of factors that have a significant impact on maintenance 
General maintenance
Joint optimisation* performance both in a production context and in product-service systems. In addition, there is a need for a framework that guides the experimenting process with different maintenance strategies and policies. The framework will assist in deciding the scope of the simulation model as well as the level of modelling detail needed. On the optimisation side, the framework can assist in the formulation of the optimisation problem.
Further research should be done to investigate condition based maintenance especially in a production context while utilising advanced tools that offer modern optimisation methods and multi-objective optimisations. There is an opportunity to research the suitability of other modern optimisation methods such as particle swarm and ant colony. There seems to be a potential for evaluating heuristics against priority rules set by various optimisation algorithms. More applications can be conducted on real life case studies.
Conclusions
Maintenance plays an important role in sustaining and improving assets availability. The aim of this research is to report the state of the art in simulation-based optimisation of maintenance operations by systematically classifying the published literature, outlining research gaps and guiding future research. Simulation based optimisation has been successfully applied to maintenance operations. Despite the limited research in this developing field, it appears to have a high potential since it allows analysing and optimizing complex maintenance systems.
Much of the research in this area is focusing on PM and optimising PM frequency that will lead to the minimum cost. Discrete event simulation was the most reported technique to model maintenance systems whereas modern optimisation methods such as GA was the most reported optimisation method in the literature.
In future investigations, it might be possible to develop a framework that guides the experimenting process with different maintenance strategies and policies. More real case studies can be conducted on multi-objective optimisation and CBM especially in a production context.
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